Abstract: Despite all standardization efforts, medical diagnosis is still considered an art. Much of this status is owed to the fact that medical diagnosis requires a proficiency in coping with uncertainty simply not found in today's computing machinery. Offering a generic and powerful framework for the remodelling of existing systems and the paradigms they are based on, fuzzy set theory promises to be a valuable contribution to the advancement of medical computing,, particularly as implementations begin to proliferate. With our work we provide an overview of fuzzy medical systems covering three different aspects of diagnosis: scoring, consultation, and diagnostic monitoring.
Introduction
Medical diagnosis is the art of determining a person's pathological status from an available set of findings. Why is it an art? Because it is a problem complicated by many and manifold factors, and its solution involves literally all of a human's abilities including intuition and the subconscious. If it is an art, is it at all susceptible to information processing? Although it appears to be among the most demanding problems ever to be approached by the information processing community, there is strong evidence that it is. It does, however, require an integration of results from most of the many subdisciplines of information processing and, especially, AI.
Problems of medical diagnosis
The functioning of the human body is characterized by the complex and highly interactive interplay of its organs and the psyche. The goal of this concerted effort is homeostasis, the equilibrium of all physiological quantities. While the actual level at which the balance is maintained varies ---within physiological bounds ---from individual to individual, deviations from it are indicative of some kind of perturbation, be it of internal or of external cause. The identification of these perturbations is the goal of medical diagnosis. With the diagnostic means available today it is often impossible to look inside a sick patient and determine the primary cause that led to the (series of) effects and reactions the patient complains about. More often than not, diagnosis is therefore based on indirect evidence, the presence of symptoms, and the knowledge of the medical mechanisms that relate presumed causes to observed effects. The problems of diagnosis do not only arise from the incompleteness of this knowledge, but also and most immediately from the theoretical and practical limitations associated with the reversal of the chain of implications that lead from an initial cause to its observable effects. First of all, medical cause-effect relationships, the relations between diagnoses and their symptoms, are hardly ever one-to-one. Differentiation of diagnoses that share an overlapping range of symptoms is therefore inherently difficult. Secondly, all observation is subject to error: the correction of this error, stochastic in nature, requires strong assumptions that do not hold in practice. Lastly, the required observations can often not be made on a continuous basis. Quite the contrary: Because many diagnostically meaningful observations can only be obtained at rather high risk or cost, one has to make do with significantly less than desirable information. This is especially a problem for the diagnosis of dynamic perturbations that evolve over an extended period of time: gapless recording of the time course of physiologically decisive parameters is still more a desideratum than reality. Diagnosticians are left with a lot to speculate about. Although taken alone none of the problems is unique to the medical domain, taken together they add to an intricacy surpassing that of even the most sophisticated man-made systems known today. It is therefore realistic to expect that medical diagnosis will for a long time remain problematic.
How fuzzy sets can help
It seems quite clear that system theoretic, analytic solutions to the problems of medical diagnosis are very hard to find. On the other hand, the intelligence of a human diagnostician is sufficient to achieve satisfactory results in the vast majority of diagnostic problems posed. Certainly, this performance cannot be explained by non-reproducible processes such as guessing or intuition. There must be some structure to diagnosis susceptible to formalization an automated reproduction. The identification of such structure and associated methods is a key goal of medical AI. AI has brought out two basic approaches to diagnosis. One, referred to as heuristic diagnosis, is associative in nature and relies on the formalized experience of experts in the field (which is often phenomenological or case-based). The other, called model-based diagnosis, builds on a deeper understanding of the matter of discourse and uses models to reproduce the diagnosed subject's behaviour. The former is an attempt to reverse the physiologic cause-effect relationships directly, while the latter tries to derive the observed symptoms from hypothesized diagnoses, simulating the known relationships and so determining the cause indirectly. It is not difficult to see how fuzzy set theory can help with heuristic diagnosis. Every trustworthy expert knows that his/her medical knowledge and the resulting diagnoses are pervaded by uncertainty. Uttered expert knowledge therefore abounds with imprecise formulations. This imprecision is not a consequence of rhetorical inability, but an intrinsic part of expert knowledge acquired through laborious experience. Any formalism disallowing uncertainty is therefore inapt to capture this knowledge ---stripping it of its uncertainty entails the danger of fallacies due to misplaced precision. Fuzzy set theory on the other hand was conceived with the formalization of vague knowledge in mind. Together with appropriate rules of inference it provides a powerful framework for the combination of evidence and deduction of consequences based on knowledge specified in syllogistic form. Not so obvious is the suitability of fuzzy set theory for model-based diagnosis. Yet, an intrinsic need for fuzziness in the models themselves has been observed: "Indeed, the complexity of biological systems may force us to alter in radical ways our traditional approaches to the analysis of such systems. Thus, we may have to accept as unavoidable a substantial degree of fuzziness in the description of the behaviour of biological systems as well as in their characterization. This fuzziness, distasteful though it may be, is the price we have to pay for the ineffectiveness of precise mathematical techniques in dealing with systems comprising a very large number of interacting elements or involving a large number of variables in their decision trees." [Zadeh 69 ], p. 200. No doubt, in model-based diagnosis, precision would be as misplaced as in heuristic diagnosis. The generality of fuzzy set theory allows literally all models, as well as the ontologies within which they are created, to be fuzzified; resultant is a treatment of uncertainty that lies at the intersection of qualitative and quantitative methods.
A brief history
The first logic-based approach (as opposed to several earlier approaches based on numerical methods) to medical diagnosis was pursued by Ledley and Lusted in 1959 [Ledley 59]. Due to the undeniable uncertainty of the problem domain pure binary logic was soon found to be inadequate as a language of medical problem formulation and solving. Three-valued logic, binary logic extended by "unknown" as a third logical value, was accepted as a first remedy [Salamon 76 [Adlassnig 80a ], the theoretical groundwork of CADIAG-2, the most prominent fuzzy medical expert system to date, was laid. While the work on this and other systems continues, more and more of the many different aspects of medical diagnosis are covered, so that it is possible to identify distinct categories of fuzzy diagnostic systems. In the following, we give an overview over fuzzy systems in three different diagnostic contexts: scoring, consultation, and diagnostic monitoring.
Scoring
A medical score is a numeric scheme for the combination of different observable variables into a single parameter reflecting a certain physiological or pathophysiological condition. Evaluating a score may thus be regarded as a simple form of diagnosis. Scores are omnipresent in psychology. Other disciplines also make occasional use of scores; examples are Apgar's score for the assessment of neonates, the definition of entry criteria for highly invasive or expensive therapies, survival indices for the critically ill, etc. The general ability of scores to combine the information from different sources into a single value has been recognized and exploited in PIP, an early medical decision support system, which uses scores as a replacement of logical connectives 1 [Szolovits 78 ].
Most scoring schemes specify a weighted sum of the involved variables. Because the weighting is not necessarily linear and because not all parameters are quantitative in nature, scores are usually defined in the form of tables. However, tabular mappings are discontinuous, and their utility suffers from the handling of borderline cases which is inevitably perceived as arbitrary. Scores have therefore been fuzzified. The definition of fuzzy scores usually follows the fuzzification/inference/defuzzification approach that is also the basis of fuzzy control. Such a fuzzy score effectively implements a continuous function whose shape can be adjusted to approximate the modelled medical relationship (of which the nonfuzzy score is a coarser and, in particular, discontinuous approximation) by tuning the fuzzy sets it is based on. The advantage of the fuzzy score over other 1 Scores include the logical and and or connectives as well as the more general n-out-of-m operators as special cases.
FUZZY MEDICAL DIAGNOSIS by F. Steimann and K.-P. Adlassnig specifications of continuous mappings lies in its intuitive formulation: the original rules or tables can be retained, a fuzzy score thus requires minimum remodelling. However, one of the biggest advantages of scores, that they handle quantitative and qualitative information in a uniform way, is not easily retained in their fuzzified versions: while the fuzzification of quantitative input (heart rate, blood pressure etc.) which is (near) continuous by nature is straightforward, qualitative descriptions as obtained from percussion, auscultation, radiography etc. are themselves fuzzy concepts such as hollow, rattle, or diffuse shadows. To allow that such observations are integrated into a fuzzy score, their qualitative descriptions are arranged on a linear scale (say, from 0 to 10) and the observer is requested to quantify his observation on that scale. While being a little clumsy, this procedure also allows it to state borderline observations in a natural way.
An example
To evaluate the vitality of neonates immediately after birth, the American physician Apgar devised a simple scoring system which is named after her and is now in use the world over. The Apgar score evaluates five variables: heart rate, respiratory effort, muscle tone, reflex irritability, and colour of skin, each of which is given as score of 0, 1, or 2 (cf. Table 1 ). Normal Apgar scores range between 8 and 10. With only three classes for each variable, the effect of arbitrary assignment to one of two neighbouring classes in borderline cases is necessarily momentous. In a fuzzified version of the Apgar score [Shono 92 ], all input is made on a continuous scale. The problem of arbitrary class assignment is hence replaced by that of subjective deviation from the objective value, which has, in most cases, less impact on the outcome of the score. The correspondence of a value on the continuous scales to the three classes per variable is specified through fuzzy sets. The correspondence of a combination of class assignments to a particular valuation, also defined as a fuzzy set, is in turn specified in the form of rules: the total fuzzy score assigned to a neonate is derived from the observations following the fuzzification/inference/defuzzification approach (using center of gravity for defuzzification) that is heavily employed in fuzzy control. The fuzzy Apgar score effectively specifies a continuous function from observations to a outcome. The advantage over other conceivable specifications of this function is its closeness to the original tabular scheme of Table 1 , and hence its relative ease of formulation.
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Only few fuzzy scoring systems have been described in the literature. Among those that have are the following: AFES, the Apgar fuzzy expert system assessing the vitality of neonates [Shono 92 ]; a fuzzy scoring system of liver scintigrams designed to differentiate chronic hepatitis from cirrhosis [Shiomi 95 ]; and a system to assess the severity of dysphagia (impaired coordination of the swallowing act) based on acceleration, swallowing pressure and the number of attempts to swallow [Suryanarayanan 95 ]. All systems have been evaluated in clinical trials and have been found to perform better than their conventional relatives. An alternative approach employing distance measures between fuzzy numbers to calculate the position of a patient in a continuum between normal and pathologic has also been suggested [Duckstein 95].
Consultation
The consultation system paradigm requires that there is an acute informational need and a set of data that can be drawn upon to satisfy this need. The diagnosis of a consultation system changes only as new data are entered into the system, be it at a later time and session, be it as the system prompts for additional information in a running session. Consultation systems always reason over a snapshot of the posed problem, even though this snapshot may and usually will include historical data. Technically, a consultation system is characterized by its relative ignorance of time, as opposed to diagnostic monitoring systems, which focus on the exploitation of temporal information.
Sanchez' approach
The basic idea presented by Sanchez et al. is that medical knowledge is simply a flat relation between the set of symptoms and the set of diseases [Sanchez 79 ]. Because medical knowledge is inherently fuzzy and the degree to which the symptoms are present as well as the degree to which the diagnoses apply can be mapped to a scale from 0 to 1, it seems a natural choice to regard the set of symptoms found in a patient, the relation representing the medical knowledge, and the set of diagnoses derived, as fuzzy sets. This is, however, ignoring the underlying mechanisms such as causality and resorting to a purely observational standpoint. Let S and D be the set of symptoms and diagnoses, respectively, and and be the ℘ ∼ (S) ℘ ∼ (D) fuzzy power sets of S and D. Medical knowledge is then the relationship between symptoms and diagnoses expressed by a fuzzy relation , and the diagnosis of
an individual patient i presenting with symptoms is derived by the composition
FUZZY MEDICAL DIAGNOSIS by F. Steimann and K.-P. Adlassnig the compositional rule of inference. Although there are medical applications of this principle (eg [Joly 80 ]), the main interest of research has been in the discovery of the "medical knowledge" , which remains difficult. R ∼
The CADIAG-2 systems
The CADIAG systems, which go back to the work of Spindelberger and Grabner [Spindelberger 68 ], have been designed to support diagnostic and therapeutic decisions in various subdomains of internal medicine. They are among the first fuzzy expert systems and follow the consultation system paradigm. The latest offspring of the family, MEDFRAME/CADIAG-4, integrates a fuzzy reasoning framework with contemporary software engineering concepts. To understand CADIAG's general fuzzy reasoning, however, it suffices to take a look at CADIAG-2. CADIAG-2 employs fuzzy set theory and fuzzy logic to capture: uncertainty as to whether a patient's symptoms (signs, laboratory test results) are pathological or normal; uncertainty as to whether symptoms necessarily have to occur with a disease; and uncertainty as to whether symptoms sufficiently confirm or exclude a diagnosis. The uncertainty in the presence of a symptom is expressed as a degree of compatibility, ie as the degree to which the actual observation is compatible with the semantic concept of the symptom. For example, whether or not a patient is icteric depends on the tone of skin and its compatibility with the conception of icteric. Formally, the collection of such degrees establishes a fuzzy binary relationship between the patient P and the symptoms , .
Each degree is either derived subjectively, as in the example above, or determined objectively. The latter is possible when answering questions such as whether or not the serum glucose level is elevated in a patient, because the serum glucose level is an objectively measurable quantity and elevated is defined by pathological ranges resulting from epidemiological studies. Because elevated shows gradual transitions to its adjacent concepts normal and highly elevated, it is ideally modelled as a fuzzy set. Uncertainty concerning the confirmation or exclusion of diagnoses in a patient P is also D j modelled by degrees of compatibility, denoted as . They express the degree to µ PD (P, D j ) which the diagnosis logically follows from the given medical evidence. Ranging from 0 to 1, a degree of 0 means excluded and one of 1 means confirmed. Degrees other than 1 and greater than or equal to a certain threshold identify diagnostic hypotheses. Fuzzy logical inference in CADIAG-2 follows two basic relationships between medical entities. These are: the necessity of occurrence or, as denoted in CADIAG-2, the frequency of occurrence O of a symptom with a disease; the sufficiency of occurrence or, as denoted in CADIAG-2, the strength of confirmation C of a symptom for a disease. From the statistical point of view, the frequency of occurrence may be interpreted as the sensitivity of the finding (the rule antecedent) with the disease (the consequent). Conversely, the strength of confirmation can be interpreted as the positive predictive value of the finding for the disease. This interpretation is particularly useful for the semi-automatic detection of both relationships from existing clinical databases [Adlassnig 86 ]. On the other hand, statements about the necessity and sufficiency found in textbooks usually contain terms such as mostly, seldom, very often, or strongly, which are mapped to fuzzy quantifiers in CADIAG-2's knowledge representation. Examples of this are: "mostly acute pancreatitis is accompanied by vomiting" or "highly elevated amylases in serum and urine strongly indicate acute pancreatitis". These fuzzy quantifiers are translated into the fuzzy binary Rules that render taxonomic knowledge and mutual exclusions among symptoms and among diseases are also included in CADIAG-2's knowledge base. The entirety of CADIAG-2's medical knowledge has been acquired from medical experts, who provide definitional, judgmental, and statistical knowledge from textbooks and their own clinical experience; and semi-automatically, which is possible through a numerical interpretation of CADIAG-2's medical relationships, and which can be carried out if computerized patient records with known diagnoses are available. The inference process of Cadiag-2 aims at generating one or more differential diagnoses and, at the same time, at excluding some or all remaining diagnoses. Its mechanism basically relies on the compositional rule of inference. This rule accepts fuzzy descriptions of a patient's symptoms, expressed by , and infers corresponding degrees to which the diagnoses µ PS (P, S i ) can be concluded from the given evidence, denoted as . For this purpose, the fre-µ PD (P, D j ) quency of occurrence and the strength of confirmation are combined through different syllogisms. One of them is a fuzzy modus ponens applied to infer diagnoses from given symptoms under exploitation of the strength of confirmation. The formal representation is:
if P has with , and
As with Sanchez' approach, application of this syllogism to a given set of symptoms yields
for any given .
D j
The compositional rule of inference is also applied for drawing conclusions from combinations of symptoms, and inferences from symptoms to symptoms and from diagnoses to diagnoses are equally arrived at. Inferences based on absent symptoms as well as on the frequency of FUZZY MEDICAL DIAGNOSIS by F. Steimann and K.-P. Adlassnig occurrence are performed in a similar manner. The results are confirmed diagnoses, excluded diagnoses, and diagnostic hypotheses. Because the outcome of the diagnostic process is independent of the number of present symptoms in support of a diagnostic hypothesis, CADIAG-2 resorts to a heuristic function designed to accumulate evidential support. It calculates support scores that indicate how strongly SS D j the various hypotheses are supported by the medical evidence. The scoring scheme provides the possibility of assigning weights to the values of the frequency of occurrence and strength of confirmation to vary the impact of these relationships on the final score. The exact formula is:
where m is the number of findings present or present to a certain degree with supportive relationships to the diagnosis . Practically, and have proven reasonable val-D j α = 0.09 β = 0.91 ues. The multiplication by 100 is introduced to obtain easily readable scores. A complete on-line consultation session with CADIAG-2 includes:
access and transfer of patient data from the central patient database; abstraction and aggregation of patient data by the patient data fuzzy interpreter; review of patient data by the consulting physician who may add, update, or delete data; the diagnostic fuzzy inference process establishing confirmed and excluded diagnoses as well as diagnostic hypotheses; display of the diagnostic results and their explanations; and input of some further patient data according to the examination proposals of Cadiag-2. The practicality of CADIAG-2's concept of knowledge representation and fuzzy inference was confirmed by applying the expert system to about 500 clinical cases. These cases included up to 800 symptoms, signs, and laboratory test results, which were either present, present to a certain degree, or definitely absent. The analysis of the CADIAG-2 diagnoses compared with clinical and pathological diagnoses yielded an accuracy of up to 93%. Such an accuracy is considered to be sufficient for a computer based diagnostic system, applied as diagnostic aid and diagnostic information system. Today, CADIAG-2 is in routine use and its successor, CADIAG-4, is near completion.
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The following is an excerpt of the available English literature addressing fuzzy diagnosis following the consultation system paradigm; the presented choice is necessarily incomplete, yet does not reflect the preferences of the authors. 
Diagnostic monitoring
Much more than systems following the consultation system paradigm, diagnostic monitors must regard the fact that the human body is a dynamic system exhibiting highly complex behaviour. In particular, this means that the body's current state is almost never sufficiently described by the instantaneous values of its observable parameters or any time-ignorant derivation thereof. A diagnostic monitor must therefore be aware of the disease or state history of the monitored subject. Such awareness is achieved through internal state variables serving as a memory to the monitor. In a fuzzy diagnostic monitor, these state variables are fuzzy. Fuzzy state variables offer immediate advantages over non-fuzzy ones: They can represent the patient's being in between states and, dynamically, the gradual and continuous transition from one state to another. By doing so, they can report the tendency of the patient to change state and the change's continuous progress to the observer so that timely countermeasures can be taken.
2 At the same time, fuzzy state variables allow it that a patient never fully reaches one state, representing the fact that the present condition is only to a certain degree compliant with what the state stands for. Requiring the autonomous surveillance, integration and interpretation of temporally evolving data, diagnostic monitoring is technically a more general problem than that of consultation. On the other hand, the medical subject of monitoring is usually much more confined than any topic of consultation: monitoring of the cardiovascular state of a patient undergoing surgery for example involves far fewer physiological variables and relationships than a consultation system covering the field of cardiovascular diseases. Because of the technical complexity, diagnostic monitors are usually composed of separate modules, each solving a particular subproblem. Here, we present two such modules the combination of which results in a configurable system capable of transforming on-line data into fuzzy states comprising the disease history of the monitored patient. One, also referred to as trend detection, covers the transformation of incoming data streams into sequences of events. The other is basically a fuzzified deterministic automaton designed to assign interpretations to such sequences.
Fuzzy trend detection
It is common practice in medical AI that, for reasons of abstraction and subsequent symbolic processing, instantaneous quantitative data is transformed into qualitative terms or symbols such as high, low, or normal. Otherwise known as qualitative abstraction, in the context of fuzzy systems this process is referred to as fuzzification of continuous data. Trend detection resembles this process in principle, the main difference being that the qualitative terms are extended by a temporal dimension covering the time course of a parameter rather than its instantaneous value. Following this idea, a trend may be defined as a fuzzy set of time courses all having identical meaning with respect to a given monitoring problem. Deciding whether or not an observed course follows a specified trend is then a matter of determining the degree of membership of the course in that trend. This reduces the problem of trend detection to two subproblems: finding an efficient representation of membership functions, and adequate treatment of the gaps between samples, ie the uncertainty resulting from sparse sampling. To understand the following examples (which are taken from the dense sampling domain) it suffices to regard a fuzzy trend as a fuzzy relation in the time-value space.
denotes
the degree of membership of an observation (represented by a time/value-pair ) in . The
In fuzzy control, the composition of diagnosis and therapy, these countermeasures are taken automatically.
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is then defined as .
To illustrate the functioning of trend detection based on fuzzy time courses we use data from a real case. 4 Our examples focus on the monitoring of arterial oxygen saturation (SaO 2 ), a physiologic indicator of patient oxygenation that is measurable non-invasively and on-line. In the given case, the focus of interest is on a certain procedure repeated approximately every two hours: to deliver a bronchodilating aerosol, continuous mechanical ventilation was interrupted and the patient was ventilated manually (through a hand bag). During that time, the inhaled gas was replaced by pure oxygen. The expected effect of this procedure is an immediate increase in SaO 2 to values near 100% and a lasting improvement in oxygenation. Table 2 defines a number of trends considered to be relevant to the presented monitoring case. It gives a verbal and a graphical description of each trend. Numbers present thresholds for full compliance (membership grade equals 1), while numbers in parentheses indicate the bounds beyond which membership grades are defined to be 0. The interspersing transition zone is assumed to be linear. Figure 2 depicts the results of trend detection applied to the provided data sample. In each frame, the upper half displays SaO 2 in a range of 80-100%, while the lower half depicts the concurrent degree of match (ranging from 0-1) with the corresponding trend. SaO 2 of adequate oxygenation, hypoxemia, and slowly decreasing oxygenation was smoothed by a moving average filter of two, one, and five minutes, respectively.
3
A more elaborate version of this theory covering first derivatives even in sparse samples is presented in [Steimann 95, 96, 97] . The example demonstrates the sensitivity of the proposed method: all sudden increases in SaO 2 (rapidly improving oxygenation) were correctly identified. It also shows that trend detection has a smoothing effect on the data: the longer the trend to be detected, the less volatile is the curve indicating the degree of match.
Tracing disease histories
While the occurrence of a clinically significant trend has some diagnostic value in itself, its correct and exhaustive interpretation usually depends on the state the patient is currently in and the disease history. The detection of a trend can trigger a new assessment of the patient's condition, technically corresponding to the transition from one state to another. Deterministic finite automata are capable of analysing sequences of events or symbols. If an automaton is designed as a model of the system under observation, then its current state reflects the actual status of that system. Applied to diagnostic monitoring, an automaton can model possible courses and complications of a disease and its treatment, allowing it to follow the state of a patient on an abstract level. In the given case of critical care we focus on the states and transitions related to the change of mode of ventilation from mechanical ventilation to hand bagging (an event in the examples referred to as high FIO 2 ) and vice versa (low FIO 2 ). The expected effect of hand bagging along with delivery of pure oxygen is an immediate increase in oxygenation reflected in a rise of SaO 2 to values close to 100%. In addition, if manually exerted higher pressures and the effects of the bronchodilator helped in recruiting occluded alveolar spaces, a persistent improvement in oxygenation may be expected. Tables 3 and 4 present the states and transitions used to obtain the results presented in Fig. 4 . Figure 3 graphically depicts the modelled transitions in a state transition diagram. The automaton employed is fuzzy deterministic automaton described in [Steimann 94a ]. It is best characterized as the superposition of a fuzzy and a crisp automaton maintaining a current state (called active) as well as a set of gradually satisfied states. It transitions on fuzzy events, fuzzy sets associating a degree with every event of the automaton's input alphabet. To obtain fuzzy events, the trends and the degrees to which they have been detected during trend detection are comprised in one fuzzy set. Note that in Figure 4 there is always one (active) state with a membership grade of 1, which is a consequence of the automaton "waiting" for a full transition to a successor state being triggered by sufficient evidence. At the same time, candidate successors may show rising membership grades reflecting a change in the patient's condition. This behaviour models human decision making naturally: once a decision has been made, it is usually pursued rather uncritically until there is sufficient evidence for another to be favoured.
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As stated above, diagnostic monitoring is technically more demanding than consultation. In particular, the adequate treatment of time poses many nontrivial problems, which are, in general, not solved and, in particular, not directly related to fuzzy set theory. Thus, it comes as no surprise that fuzzy diagnostic monitors are few and far between. Among the few systems described in the literature are: fuzzy grammar-based classification of heart beat sequences to detect cardiac arrhythmia [Barro 91 ]; monitoring routinely sampled physiological data for cardiopulmonary emergencies [Goldman 94 ]; and the DIAMON-1 monitoring framework [Steimann 96 ].
Concluding remarks
With the conception of fuzzy set theory, symbolic and discrete are no longer synonymous: symbolic systems may now exhibit continuous behaviour and thus address medical problems more adequately. Therefore, automated diagnostic support based on fuzzy set theory does not have to break with symbolic tradition: the theory of fuzzy set is not an alternative to, but an enhancement of classical AI approaches. However, fuzzy set theory is not the only approach to extending AI concepts with uncertainty and gradation: in recent years, uncertainty in AI has become one of the most flourishing subdisciplines in the field, and fuzzy set theory is only one of many alternatives competing for the favour of the community. Likely criteria for the success of each competitor are: tractability, scalability, and ease of integration with temporal reasoning, the other as yet unsolved problem of the field. Ironically, in today's clinical practice the output of fuzzy systems will sometimes be discretized "so as to follow medical usage and human brain processing capability" [Duckstein 95 ]. This is inconsistent with the claim that fuzzy and, thus, continuous systems are closer to medical reality, but seems to be a consequence of our complete spiritualization of Aristotelian dichotomous logic. If not for our limited brain processing capability, then, continuity is certainly a problem for the evaluation of fuzzy systems: compliance with the gold standard, the ultimate standard for medical decisions, is no longer a matter of yes or no, but one of more or less. New, fuzzy measures of quality (sensitivity, specificity, positive and negative predictive value) are therefore needed. Ultimately, claiming that a fuzzy diagnostic system is more natural may even impose a critical revision of the gold standard itself: is the gold standard naturally crisp or has it inaptly been forced into strict categories?
